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Abstract. Air pollution is one of the most serious environmental and health concerns in modern
urban societies. This study proposes an Al-driven Air Pollution Monitoring and Prediction Sys-
tem that enables continuous observation and accurate forecasting of air quality levels. The system
employs loT-based sensors to gather real-time data on pollutants such as PM2.5, PM10, CO,
NO:, and SO, along with meteorological parameters including temperature and humidity. The
collected data is transmitted to a cloud environment for preprocessing and analysis. Advanced
machine learning and deep learning techniques, particularly time-series models like LSTM and
regression algorithms, are utilized to predict future Air Quality Index (AQI) levels. The system
also incorporates interactive dashboards and automated alert mechanisms to inform authorities
and the public about potential pollution risks. Performance evaluation indicates higher prediction
accuracy and lower error margins compared to conventional statistical approaches. The proposed
framework supports data-driven environmental management, timely intervention strategies, and

sustainable urban development while promoting improved public health outcomes.
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l. Introduction

Air pollution has emerged as a critical environmental and public health issue world-
wide, driven by rapid urbanization, industrial growth, increasing vehicular traffic, and
excessive energy consumption. Pollutants such as particulate matter (PM2.5 and
PM10), carbon monoxide (CO), nitrogen dioxide (NO2), and sulfur dioxide (SO2) ac-
cumulate in the atmosphere and adversely affect air quality. Prolonged exposure to
these contaminants contributes to respiratory illnesses, cardiovascular complications,
reduced productivity, and environmental imbalance. As urban populations continue to
expand, ensuring effective air quality management has become an essential responsi-
bility for governments and environmental authorities.

Conventional air quality monitoring approaches primarily depend on fixed monitoring
stations and traditional statistical analysis methods. While these systems provide stand-
ardized measurements, they often involve high infrastructure costs and limited geo-
graphical coverage. Additionally, traditional forecasting techniques may struggle to
model the complex and nonlinear relationships among pollutants and meteorological
variables, resulting in less accurate predictions. These limitations highlight the need for
advanced, adaptive, and real-time monitoring solutions.
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The emergence of Artificial Intelligence (Al), Machine Learning (ML), and the Internet
of Things (10T) has significantly transformed environmental monitoring practices. 10T-
enabled sensors facilitate continuous data acquisition of pollutant concentrations and
atmospheric parameters such as temperature and humidity. The collected data is trans-
mitted to centralized cloud platforms for storage, processing, and analysis. Al-based
models are capable of learning intricate patterns from large datasets, identifying trends,
and generating reliable predictions. Deep learning techniques, particularly Long Short-
Term Memory (LSTM) networks, are well suited for analyzing time-series data and
capturing temporal dependencies in air pollution trends.

An Al-Based Air Pollution Monitoring and Prediction System combines sensing tech-
nologies with intelligent data analytics to create an integrated and efficient framework.
Such systems provide real-time Air Quality Index (AQI) updates, predictive insights,
and early warning notifications. Through visualization dashboards and automated
alerts, stakeholders can take timely preventive measures to mitigate pollution risks.

This study aims to develop a scalable and accurate Al-driven system that enhances
forecasting performance and supports proactive environmental management. By inte-
grating advanced computational intelligence with smart sensing infrastructure, the pro-
posed approach contributes to sustainable urban development and improved public
health protection.

1. Related Works

Artificial Intelligence-Based Monitoring and Forecasting of Urban Air Pollution in
Smart Cities investigates Al-driven methods for urban air pollution tracking and fore-
casting using data collected from city-wide sensor networks. Four machine learning
algorithms — Decision Tree, Random Forest, Support Vector Machine, and Artificial
Neural Network — were evaluated for predicting levels of key pollutants such as
PM2.5, PM10, NO, and CO. Experimental outcomes show that ANN models achieved
the best prediction accuracy (~94.8%), followed by Random Forest and SVM, demon-
strating the effectiveness of Al in modeling complex pollutant behavior. The work em-
phasizes the advantages of automated forecasting tools over traditional statistical ap-
proaches, particularly in smart city environments where rapid insights and adaptive re-
sponses are required for environmental management and public health protection.

Integrating Al With 10T Sensors for Real-Time Air Quality Monitoring and Prediction
Supriya Kumari proposes a real-time air quality monitoring and forecasting system by
integrating 10T sensor networks with Al models. A deployment of 50 10T sensors across
North Delhi continuously captured PM2.5, PM10, NO-, and CO data at two-minute
intervals. The collected data streams were processed using machine learning algo-
rithms, enabling high-resolution spatial and temporal air quality predictions. Results
demonstrated that the Al-loT framework can produce accurate, cost-effective short-
term forecasts that outperform many conventional setups, offering a scalable solution
for urban air pollution management and health advisories.

FuXi-Air: Urban Air Quality Forecasting Based on Emission-Meteorology-Pollutant
Multimodal Machine Learning ,Hao Li.et.al.,introduces a novel multimodal forecasting
model that combines emission inventories, meteorological forecasts, and pollutant
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measurements for high-precision urban air quality forecasting. The model uses an au-
toregressive framework along with frame interpolation to predict six major pollutants
at an hourly resolution up to 72 hours ahead, achieving superior efficiency and accuracy
compared to traditional numerical models. Multimodal data fusion is shown to improve
forecasting performance under varying pollution conditions, making it suitable for
smart city air quality risk management.

PlumeNet: Large-Scale Air Quality Forecasting Using a Convolutional LSTM Net-
work PlumeNet focuses on large-scale forecasting of key pollutants such as NO2, Os,
PM2.5, and PM10 using a convolutional LSTM architecture. The model incorporates
weather forecasts, existing monitoring station data, and established physical model out-
puts. By applying convolutional LSTM layers, PlumeNet achieves reliable long-term
air quality forecasts with reduced computational requirements compared to standard
physics-based models. The study emphasizes scalability and frequent updates based on
new measurements, enabling dynamic air quality predictions crucial for public goods
like health risk warnings and environmental planning.

VayuAnukulani: Adaptive Memory Networks for Air Pollution Forecasting
Madaan,et.al., presents VayuAnukulani, an adaptive end-to-end forecasting system for
predicting levels of pollutants in Delhi using bidirectional LSTM with attention mech-
anisms. Trained on historical and real-time data, the model predicts concentrations for
major pollutants like NO2, PM2.5, and PM10 up to 24 hours ahead. Results show that
the adaptive memory network outperforms traditional baseline models, providing en-
hanced prediction accuracy useful for rapid response and public health advisories in
highly polluted urban environments.

AirNet: Predictive Machine Learning Model for Air Quality Forecasting Using Web
Interface uses multiple traditional machine learning classifiers including Random For-
est, Logistic Regression, Decision Tree, Naive Bayes, SVM, and K-Nearest Neighbors
to predict concentrations of PM2.5, Os, CO, and NO.. Designed as a web-integrated
forecasting and alert system, it handles data preprocessing, outlier management, and
generates AQI predictions. The study highlights the utility of ensemble and classical
algorithms in supporting decision-making for urban air quality mitigation strategies,
emphasizing practical deployment considerations and real-time alerting functionality.

Monitoring and Predicting Air Quality with 10T Devices Razvan Bogdan.et.al., inte-
grates 10T sensors with machine learning models for real-time air quality index (AQI)
prediction. Multiple environmental parameters (temperature, humidity, PM2.5, PM10)
were collected and transmitted to cloud storage for preprocessing. Machine learning
regression models implemented in TensorFlow provided AQI forecasts with improved
responsiveness and accuracy. The study compares neural network and Random Forest
approaches, demonstrating the feasibility of combined IoT and ML systems as practical
tools for environmental monitoring and timely public health support.

Temporal Trends and Predictive Modeling of Air Pollutants in Delhi Ali Alsuwaiyan,
et al. examines temporal trends and compares multiple Al forecasting methods for ma-
jor air pollutants in Delhi. Using models such as regression and machine learning algo-
rithms, it forecasts CO, NO, NO., Os, SOz, PM2.5, PM10, and NHs levels, analyzing
model performance under different atmospheric conditions. The study provides insights
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on pollutant dynamics and the relative effectiveness of Al models in addressing urban
air quality challenges, offering a data-driven basis for environmental policy recommen-
dations.

Improved Prediction Model for Daily PM2.5 Concentrations with Particle Swarm Op-
timization and BP Neural Network Umesh Kumar Lilhore, et.al.,study proposes an
enhanced prediction model for daily PM2.5 levels using a Backpropagation (BP) neural
network optimized with Particle Swarm Optimization (PSO). By tuning network
weights and thresholds optimally, the model achieves stable and accurate PM2.5 fore-
casts using seven key input features related to pollutant and meteorological variables.
The integration of PSO improves convergence and prediction reliability compared to
standalone neural network models.

Applications of Machine Learning and 10T for Outdoor Air Pollution Monitoring and
Prediction: A Systematic Literature Review lhsane Gryech,et.al.,systematic review
synthesizes research on combining machine learning and 10T for outdoor air pollution
monitoring. It classifies prediction approaches into time-series, feature-based, and spa-
tio-temporal methods and highlights challenges such as limited data diversity and con-
text-specific features. The paper identifies gaps in coverage and proposes future re-
search directions, emphasizing how hybrid 10T-ML systems can enhance accuracy,
lower costs, and improve urban air quality management globally.

I11. Proposed Method

The proposed Al-Based Air Pollution Monitoring and Prediction System aims to de-
liver continuous air quality surveillance, accurate forecasting, and timely alert genera-
tion through an integrated intelligent framework. The system combines loT sensor net-
works, cloud-based data management, and advanced machine learning techniques to
create a reliable and scalable environmental monitoring solution.

In the data collection layer, loT-enabled sensors are strategically installed across dif-
ferent locations to measure major air pollutants such as PM2.5, PM10, CO, NO., and
SO, along with atmospheric parameters like temperature and humidity. These sensors
transmit real-time readings to a centralized cloud platform using wireless communica-
tion technologies. To ensure data reliability, preprocessing operations including noise
removal, missing data handling, normalization, and anomaly detection are performed
before analysis.

The processed data is stored in a cloud database for efficient access and large-scale
analytics. In the prediction stage, the system utilizes both traditional machine learning
models and deep learning approaches. Algorithms such as Random Forest Regression
and Support Vector Regression provide baseline estimations, while Long Short-Term
Memory (LSTM) networks are employed to capture temporal patterns in time-series air
quality data. The LSTM model analyzes historical pollutant levels and meteorological
factors to generate short-term and medium-term AQI forecasts.

Feature engineering and correlation analysis are conducted to identify the most impact-
ful environmental variables, improving model performance. Hyperparameter optimiza-
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tion techniques further enhance prediction accuracy and minimize overfitting. The sys-
tem is designed to update and retrain models periodically using newly collected data,
ensuring adaptability to seasonal fluctuations and evolving pollution trends.

At the application layer, an interactive web and mobile dashboard presents real-time
AQI readings, pollutant concentration trends, historical comparisons, and predictive in-
sights. Visual indicators such as color-coded AQI levels enable quick interpretation.
Additionally, automated alerts via SMS or email are triggered when pollutant concen-
trations exceed predefined safety limits.Overall, the proposed system offers improved
accuracy, scalability, and responsiveness compared to conventional monitoring meth-
ods. By integrating loT infrastructure with Al-driven predictive analytics, it supports
data-informed environmental management, proactive pollution control, and enhanced
public health safety.
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Fig.1.System Architecture

The Al-Based Air Pollution Monitoring and Prediction System is organized into several
interconnected modules to ensure smooth data flow, intelligent analysis, and effective
user communication.

1. Environmental Data Collection Module:

This module is designed to capture real-time air quality data through loT-enabled sen-
sors deployed across various locations. The sensors continuously measure pollutants
such as PM2.5, PM10, CO, NO., and SO-, along with environmental factors like tem-
perature and humidity. Data is transmitted periodically to a centralized system using
wireless communication technologies. This module guarantees continuous observation
and broad geographic monitoring coverage.

2. Data Processing Module:

Since raw sensor readings may contain noise, incomplete entries, or irregular values,
this module performs preprocessing tasks including data cleaning, anomaly detection,
normalization, and missing value handling. It converts unstructured sensor outputs into
a structured dataset suitable for machine learning analysis. By enhancing data quality,
this module improves the robustness of predictive modeling.
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3. Cloud Storage and Data Management Module:

Processed data is securely stored in a cloud-based database within this module. It en-
sures scalable storage capacity, secure data handling, and efficient retrieval of historical
records. Proper indexing and management techniques enable fast access to large vol-
umes of environmental data for training and analysis purposes.

4. Prediction and Analytical Module:

This module forms the core intelligence of the system. It employs machine learning
algorithms such as Random Forest and Support Vector Regression, along with deep
learning models like Long Short-Term Memory (LSTM) networks, to analyze time-
series pollution data. By identifying trends, seasonal patterns, and variable relation-
ships, the module forecasts future Air Quality Index (AQI) levels. Periodic model up-
dates allow the system to adapt to changing environmental conditions.

5. Alert Generation Module:

This component automatically triggers warnings when pollutant levels exceed prede-
fined safety thresholds. Notifications are delivered via SMS, email, or mobile alerts to
inform users and regulatory authorities, enabling quick response and mitigation
measures.

6. Visualization and User Interaction Module:

The final module provides an interactive dashboard that displays live AQI readings,
pollutant concentration charts, historical comparisons, and predicted outcomes. Color-
coded AQI categories help users interpret air quality conditions easily.3. Communica-
tion and Cloud Integration Module:
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Fig.2.Methodology workflow of the Intelligent Air Pollution Detection and Prediction
Framework

Overall Working Flow of the Proposed System:

The overall workflow of the Al-Based Air Pollution Monitoring and Prediction System
begins with real-time data collection through loT-enabled air quality sensors deployed
across multiple locations. These sensors continuously measure pollutant concentrations
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such as PM2.5, PM10, CO, NO-, and SO-, along with meteorological parameters in-
cluding temperature and humidity. The collected environmental data is transmitted at
regular intervals through wireless communication networks to a centralized cloud plat-
form for further processing.

Once the data reaches the cloud server, it undergoes preprocessing to improve quality
and consistency. This includes removing noise, handling missing values, detecting and
eliminating outliers, and normalizing the dataset. The cleaned and structured data is
then stored in a secure cloud database, where historical records are maintained for long-
term analysis and model training. Proper data management ensures scalability and ef-
ficient retrieval of large datasets.

After preprocessing and storage, the analytical phase begins. Machine learning and
deep learning algorithms are applied to identify patterns, correlations, and temporal
trends in air pollution data. Regression-based models provide baseline predictions,
while advanced time-series models such as Long Short-Term Memory (LSTM) net-
works capture sequential dependencies and seasonal variations. The trained models an-
alyze historical pollutant behavior along with meteorological influences to forecast fu-
ture Air Quality Index (AQI) values for short-term and medium-term intervals.

The system continuously evaluates prediction performance using accuracy metrics such
as Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). Based on eval-
uation results, hyperparameters are tuned and models are periodically retrained using
newly collected data to maintain adaptability under changing environmental condi-
tions.The predicted AQI values and real-time pollutant levels are then displayed
through an interactive web or mobile dashboard. Visual representations such as graphs,
charts, and color-coded AQI categories allow users to easily interpret air quality condi-
tions. If the forecasted or real-time pollution levels exceed predefined safety thresholds,
the system automatically generates alerts via SMS, email, or mobile notifications.

Through this integrated workflow, the system ensures continuous monitoring, intelli-
gent forecasting, timely alert generation, and informed decision-making, thereby sup-
porting proactive air pollution management and public health protection.

Training, Testing, and Validation Loss

— Training LOSS
: — Testing Loss
16 9 —— Validation Loss
15 4
E
-
o 13
N
=
=
12
1
° 5 10 15 20 25 20
Epoch
Fig.3.Performance Evaluation of Intelligent Air Pollution Detection and Prediction
Framework
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The Air Quality Index (AQI) formula is used to convert raw pollutant concentration
values into a standardized scale that indicates the level of health risk. Since different
pollutants have different concentration ranges and health impacts, the AQI formula nor-
malizes pollutant measurements into a uniform index scale, typically ranging from 0 to
500. The formula performs linear interpolation between defined breakpoint ranges.
Each pollutant, such as PM2.5 or NO:, has predetermined concentration thresholds es-
tablished by environmental agencies.

AQI
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Based on where the measured concentration falls within these breakpoints, the AQI
value is calculated. The highest AQI among all pollutants is considered the overall AQI
for a given time period. This standardized index helps authorities and the public easily
interpret pollution levels as categories such as Good, Moderate, Unhealthy, or Hazard-
ous. In the proposed Al system, AQI serves as the target variable for prediction models,
enabling the system to forecast health risk levels rather than raw pollutant values alone.
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